DNA methylation status is closely associated with diverse diseases, and is generally more stable than gene expression, thus abnormal DNA methylation could be important biomarkers for tumor diagnosis, treatment and prognosis. However, the signatures regarding DNA methylation changes for pan-cancer diagnosis and prognosis are less explored. Here we systematically analyzed the genome-wide DNA methylation patterns in diverse TCGA cancers with machine learning. We identified seven CpG sites that could effectively discriminate tumor samples from adjacent normal tissue samples for 12 main cancers of TCGA (1216 samples, AUC > 0.99). Those seven potential diagnostic biomarkers were further validated in the other 9 different TCGA cancers and 4 independent datasets (AUC > 0.92). Three out of the seven CpG sites were correlated with cell division, DNA replication and cell cycle. We also identified 12 CpG sites that can effectively distinguish 26 different cancers (7605 samples), and the result was repeatable in independent datasets as well as two disparate tumors with metastases (micro-average AUC > 0.89). Furthermore, a series of potential signatures that could significantly predict the prognosis of tumor patients for 7 different cancer were identified via survival analysis (p-value < 1e-4). Collectively, DNA methylation patterns vary greatly between tumor and adjacent normal tissues, as well as among different types of cancers. Our identified signatures may aid the decision of clinical diagnosis and prognosis for pan-cancer and the potential cancer-specific biomarkers could be used to predict the primary site of metastatic breast and prostate cancers.
Introduction
DNA methylation (DNAm) is one of the most commonly occurring epigenetic events involving the reversible addition of a methyl group primarily to cytosines in the context of CpG dinucleotides, without changing genomic DNA sequences. In general, DNA methylation status is more reliable than gene expression in cancer diagnosis [1] . Over the past few years, it has been proved that aberrant DNAm plays a key role in diverse diseases [2] [3] [4] , especially cancers [5] . It is generally believed that the promoter regions of tumor suppressor genes (TSGs) are hypermethylated and repressed, whereas oncogenes are hypomethylated and abnormally active in cancers cells [6] . Furthermore, aberrant methylation could be used as biomarker for clinical decisions, diagnosis and prognosis of different cancers [7] [8] [9] . For the patients presenting with metastases or with unknown primary origin, DNA methylation markers can also be used to predict the origin of tumors [10] .
Previous DNAm studies mainly focused on the promoter regions and CpG islands; however, DNAm changes in the non-islands regions, such as shores (regions of relatively low CpG density that up to 2 kb distance from traditional CpG islands) and gene bodies may also play important roles in gene expression regulation [11, 12] . Moreover, tissue-specific gene expression is also associated with the DNAm differences in CpG island shores among different tissues [13] . Some other studies have shown that DNAm outside of CpG islands and shores could be associated with gene expression as well [14] . Although several studies investigated the DNA methylation profile of human pan-cancer [15, 16] , no biomarkers were identified for the diagnosis and prognosis of pancancer. Thus, it is necessary to comprehensively explore the DNAm patterns of both island and non-island regions in pan-cancer and identify the potentially effective signatures for the diagnosis and prognosis of pan-cancer.
Here we first conducted differentially methylated CpG sites (DMCs) calling at single CpG site resolution. Seven informative CpG sites that can significantly distinguish tumor samples from normal samples in 12 main TCGA (The Cancer Genome Atlas) cancers were identified by using feature selection and machine learning algorithms. The good performance of logistic regression model on training and validation DNAm datasets demonstrated the robustness and efficiency of our seven-CpGs-based classifier. Moreover, we detected 12 CpG sites that showed good performance in distinguishing 26 cancer types, which were also repeatable in 6 independent datasets. Importantly, those 12 CpGs are potentially applicable to predict the primary site of metastatic breast and prostate cancers. Additionally, we successfully built probe-based prognostic model for effectively classifying the tumor samples into high risk and low risk (corresponding to shorter and longer overall survival time, respectively) based on partial hazard in 7 distinct cancers.
Results

Methylation profiles of different cancers vary tremendously
To comprehensively investigate the aberrant methylation status across the whole genome, we screened the differentially methylated CpG sites (DMCs) of diverse TCGA cancers by comparing corresponding cancer samples with paired normal samples. The number of hypermethylated (DNAm beta values of tumor samples are significantly higher than that of normal samples) and hypomethylated (DNAm beta values of tumor are significantly lower than that of normal) CpG sites vary greatly among 18 different cancer types (Figure 1 (a)) (no significant correlation was observed between the count of DMCs and number of samples in those cancers, Pearson's p-value > 0.05). Esophageal carcinoma (ESCA) has the largest count of hypermethylated CpG sites, whereas pheochromocytoma and paraganglioma (PCPG) possesses the least. Moreover, cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC) has the least count of hypomethylated CpG sites, while liver hepatocellular carcinoma (LIHC) possesses the highest number of hypomethylated CpG sites (Figure 1(a) and Supplementary  Table 1 ). The number of DMCs located in the gene body regions is far more than that of other genomic regions (TSS1500, TSS200, 5'UTR, 1stExon and 3'UTR), which is reasonable since the length of gene body regions is generally longer than other types of regions. We also found that the proportion of DMCs in OpenSea regions is the largest in each type of genomic regions compared to that of other non-CpG island regions (S_Shelf, S_Shore, Island, N_Shore and N_Shelf) ( Figure 1 
We then performed Spearman's correlation analysis between the methylation level of DMCs and expression of corresponding gene for each cancer. The resulting Spearman's correlations are significantly different between hypermethylated and hypomethylated probes (paired t-test, p-value = 0.014). For example, in cholangiocarcinoma (CHOL), thyroid carcinoma (THCA), kidney renal clear cell carcinoma (KIRC), and kidney renal papillary cell carcinoma (KIRP), the hypermethylated probes tend to have stronger correlations than hypomethylated probes (p-value < 0.01, independent student's t-test), but an opposite phenomenon was observed in most of the other cancer types (Figure 1(c) ). Furthermore, the hypermethylated CpG sites are inclined to negatively correlate with the expression of corresponding genes in almost all tumor types. Surprisingly, the methylation level of most hypomethylated CpG sites is positively correlated with the expression of corresponding genes in some cancers (such as LIHC, BLCA (bladder urothelial carcinoma), etc.) but are negatively correlated with the expression of relevant genes in others (e.g., CHOL, THCA, etc.). But no significant difference was observed for the correlation between DNAm of DMCs and their corresponding gene expression in different genomic regions as well as in distinct groups of CpG and non-CpG islands (Supplementary Figure  S1 ). In addition, we compared the count distribution of hypermethylated and hypomethylated DMCs that are significantly positively (Spearmen's correlation > 0 and p-value ≤0.05) or negatively (Spearmen's correlation < 0 and p-value ≤0.05) correlated with their corresponding gene expression in different cancers. Interestingly, the count of negatively correlated DMCs that are hypermethylated in tumor is more than that of hypomethylated DMCs in most cancers ( Figure 1(d) ), whereas the count of positively correlated hypomethylated DMCs is far more than that of hypermethylated DMCs (Figure 1(e Training and validation datasets of various cancers demonstrate our CpG sites-based diagnostic model
To identify the representative CpG sites that can differentiate tumor from normal samples across different tumor types, we only used those TCGA samples with at least 10 tumor-normal pairs, including 12 distinct cancers and 1216 samples (See Supplementary Table 2 ). After feature selection of recursive feature elimination with XGBoost [17] , we obtained 738 probes with feature important score > 0 (see Supplementary Table 3 ) involving 311 genes. Those genes were significantly enriched in the biological processes of positive regulation of transcription from RNA polymerase II promoter and transcription from RNA polymerase II promoter (FDR < 0.05), which are highly correlated with the function of DNA methylation. The top seven probes (cg10995381, cg27019093, cg04396850, cg25351606, cg02064267, cg20300343 and cg13974761) were selected for further model construction. We performed unsupervised hierarchical clustering based on the methylation level of the 7 CpG sites across 1216 samples of 12 cancer types. Strikingly, those samples were clearly classified into two different clusters that separately contained the tumor samples and normal samples by the 7 CpG sites (Figure 2(a) ). Accordingly, the result indicates that the DNA methylation level of those 7 CpG sites is potentially effective signatures to distinguish different tumor from normal tissues. Next, a logistic regression model constructed based on the selected seven features was implemented to train the 1216 samples involving 12 different cancer types. Remarkably, this logistic regression model achieved a Receiver Operating Characteristic (ROC) curve with an Area Under Curve (AUC) of 0.986 in training set ( Figure 2 (b)), and 0.979 for the mean score of 5 fold cross validation (Figure 2 (c)), indicating that this model is able to effectively discriminate tumor samples from normal ones. Then, we performed independent validation using the public Gene Expression Omnibus (GEO) datasets of breast cancer (GSE69914 [18] ), colorectal cancer (GSE48684 [19] ) and prostate cancer (GSE76938 [20] ). The AUC for those three independent datasets are 0.97, 0.95 and 0.93 ( Figure  2(d,e,f) ), respectively. In order to further estimate the reproducibility and validity of our feature selection method and diagnostic model, we then used the rest 9 different cancers not included in the training set as an independent validation dataset (Supplementary Table 4 ). Although the number of paired tumornormal samples < 10 for all those 9 cancers, the seven-CpG sites-based model still performed well in those 9 TCGA cancers with AUC of 0.94 (Figure 2(g) ).
Consequently, the seven-probes-based model can effectively separate tumor samples from adjacent normal samples with high accuracy, and those 7 CpG sites are potential biomarkers for pan-cancer diagnosis.
Then we explored the functions of those seven CpG sites. Interestingly, probe cg10995381 locates in the gene body and openSea of MTRR (5-methyltetrahydrofolate-homocysteine methyltransferase reductase), and is hypomethylated in 10 out of 12 cancer types (Table 1) , down-regulation of MTRR has been reported to be associated with ovarian cancer [21] . Probe cg27019093 is in the gene body and openSea of UBE2G1 (ubiquitin conjugating enzyme E2 G1) and hypermethylated in 5 cancers. Moreover, probe cg04396850 locates in the promoter region (upstream of 100~233 bp) of the long intergenic noncoding RNA LINC00944 and is hypomethylated in 11 out of 12 cancer types. Specifically, LINC00944 has been confirmed to participate in the process of liver metastasis in colorectal cancer [22] . Furthermore, cg13974761 is in the region of openSea and 1.5kb upstream of transcription starting site (TSS) of LCE2A (late cornified envelope 2A), and cg13974761 is positively correlated with the expression of LCE2A in 7 cancers (mean Spearman's correlation coefficient is 0.13, p-value < 0.05). But cg25351606, cg02064267 and cg20300343 could not be mapped to any genes. The nearest genes of cg25351606 is SIM1 (single-minded family bHLH transcription factor 1), and the aberrant methylation of SIM1 is associated with cancers and could be a promising biomarker for lung adenocarcinoma [23] .
To further annotate the function of the above seven CpG sites, we first selected the genes whose expression level was significantly correlated with the DNA methylation level of those 7 CpG sites (| Spearman's correlation| ≥ 0.5 and p-value <0.05), since genes may be functionally related with the CpGs whose methylation level is correlated with those gene expression level [24] . Then Gene Ontology (GO) and KEGG pathway enrichment analyzes were performed for those genes (see Materials and methods). We found that the genes that their expression level is significantly correlated with probes of cg04396850, cg25351606, cg20300343 and cg20994118 are enriched in cell division, mitotic nuclear division, sister chromatid cohesion, cell cycle and DNA replication ( Figure  3) , which is highly associated with the characteristics of tumor biogenesis.
Tumor-specific classifier effectively distinguishes distinct cancers
One of the most important applications in cancer diagnosis is to determine which cancer the patient has and/or track the origin of a tumor for those patients with metastasis since different cancer origins need different treatment strategies. We then tried to build a probe-based tumor specific classifier to efficiently distinguish one cancer type from others (see Materials and Methods).
To this end, we first merged the methylation profile of 26 distinct cancer types including a total of 7605 tumor samples (see Supplementary Table 5 , which contains the number of samples in each cancer). The probes with low methylation variance (standard deviation (SD) < 0.2) across 26 cancer types were removed. We selected the top 20 most significantly differentially methylated probes between one cancer and the rest cancers for each cancer type, and obtained a total of 515 unique probes for further analysis (See Materials and Methods). The unsupervised hierarchical clustering heatmap showed that those top 515 significantly differentially methylated probes can separate each cancer type from the others very well (Supplementary Figure S2) . Principal component analysis and canonical correlation analysis based on those 515 probes across 26 cancer types also demonstrated that these probes can be used to effectively distinguish different cancer types (Supplementary Figure S3 ). We further screened out the top 12 CpG sites ( Supplementary Table 6 ) as the final features by performing feature selection with recursive feature elimination. Unsupervised hierarchical clustering of those 12 probes in 7605 tumor samples of 26 cancers revealed that those 12 probes were a b complementary in discriminating each tumor from others (Figure 4(a) ). The micro-average AUC of classifier based on those 12 selected CpG sites reaches to 0.98 (Figure 4(b) ) (See Materials and Methods).
To prove the reproducibility and validity of our 12 CpGs-based tumor specific classifier, we performed validation on GEO datasets of breast cancer (GSE69914), colorectal cancer (GSE48684), prostate cancer (GSE73549 [25] ), ovarian cancer (GSE65820 a b c [26]), lung adenocarcinoma (GSE66836 [27] ) and hepatocellular carcinomas (GSE89852 [28] ). As expected, our model performed greatly in the validation datasets and achieved macro-average AUC > 0.95 (Figure 4(c) ). The result further indicates that our identified signatures could be applicable to distinguish different cancers from each other. In order to further testify whether our 12 CpGsbased tumor specific classifier can be applied to predict the origin of tumor with metastases, we performed validation on GEO datasets of breast cancer with metastases to lymph node (GSE58999 [29] ), and prostate cancer with metastasis to bone or lymph node (combining GSE73549 [25] and GSE38240 [30] , 26 metastatic samples in total). Our model also performed well on those three datasets, and successfully predicted the origin of tumor with AUC of 0.7 and 0.99 for metastatic breast cancer and metastatic prostate cancer respectively ( Figure 5(a) ). Accordingly, the methylation level of these 12 CpGs can effectively distinguish metastatic tumors from normal tissues clearly ( Figure 5(b) ) and can be applied to predict the primary site of tumors with metastasis.
Prognostic model successfully divides patients into high-risk and low-risk groups
To build an effective model for the prognosis of different cancers, we further carried out a series of feature selection with stringent criteria in 28 cancers ( Figure 6(a) , see Materials and methods). After filtering, only several potential signatures were detected in each of 7 different cancers including BLCA, BRCA (breast invasive carcinoma), HNSC (head and neck squamous cell carcinoma), LIHC, LUAD (lung adenocarcinoma), THCA, UCEC (uterine corpus endometrial carcinoma). The potential signatures identified in each of those 7 cancers were totally different (Supplementary Table 7 ). Then those identified signatures were separately integrated into a single cox proportional hazards model. Z-scores of partial hazard were calculated for better visualization. We found that the patients with lower Z-score generally has better outcome than those with higher risk scores ( Figure 6(b-h) lower panel). All the patients were divided into high-risk or low-risk groups using the median partial hazard as the cutoff. Compared with the patients in low-risk group, the patients of high-risk group had significantly shorter overall survival in all of 7 cancers ( Figure 6 (b-h) upper panel, P-value < 0.01).
We found that most of those probes identified in 7 cancers are located in non-island regions. Moreover, some genes of those CpG sites located have been reported to be associated with the prognosis of various cancers (such as SHANK2 [31] , LTBP1 [32] , GRIA4 [33] , OSR2 [33] , PHLDB2 [34] , TBX2 [35] [36] [37] and GPR37 [38] ). Currently, no qualified independent dataset is available for systematically estimating the reproducibility and validity of the probe-based prognostic classifier, thus a further verification of this prognostic model would be necessary in the future.
Discussion
Most of previous cancer researches based on Infinium 450K Methylation Array data mainly focused on the abnormal methylation of CpG islands of gene promoters, but the majority of DMCs between tumor and its adjacent normal samples are located in the gene body and non-CpG regions, as well as the intergenic regions. Those DMCs that are not in promoter regions may also play an important role in tumorigenesis and could be useful in tumor classification. Interestingly, we found that the genes of the frequently hypermethylated DMCs (hypermethylated in at least 7 cancers) are significantly enriched in the biological processes of positive regulation of transcription from RNA polymerase II promoter, transcription from RNA polymerase II promoter, chemical synaptic transmission, and so on. While the genes of frequently hypomethylated DMCs (hypomethylated in at least 8 cancers) are mainly enriched in detection of chemical stimulus involved in sensory perception of smell, olfactory transduction, and G-protein coupled receptor signaling pathway (Supplementary Figure S4) .
We identified seven CpG sites that can effectively distinguish tumor from normal samples by building a diagnostic model based on their DNAm level for TCGA pan-cancer. Intriguingly, the genes whose transcriptional level correlated with DNAm level of the 7 probes are mainly enriched in the biological processes that are very important in maintaining the growth and proliferation of tumor cells. Two recent studies also detected potential DNA methylation biomarkers for cancer diagnosis, but they only trained the model within one cancer type [20] or four common cancers [9] . Therefore, the signatures identified in these two previous studies may not be widely applicable to other cancers. Our seven-probes-based model exhibited great performance in both training and validation datasets, which is promising for pancancer diagnosis, not limited to a specific cancer type.
Conclusions
The potential biomarkers identified by us could be applicable in terms of clinical decision, prognosis and overall survival prediction through examining the methylation profile of those CpG sites in patients. In addition, the markers for tumor-specific classifier could be used to predict the origin of tumor with metastases or with unknown primary origin. Taken together, we identified potential diagnostic and prognostic biomarkers based on the methylation changes of CpG sites in diverse TCGA cancers, which has the potential to be applicable for human pan-cancer.
Materials and methods
Data source
Gene expression data
We downloaded the RNA-Seq HiSeqV2 level 3 expression data from UCSC Xena (http://xena. ucsc.edu), which had already been log2(x + 1) transformed. Then zeroes were substituted by the minimum positive value in the dataset.
DNA methylation data
The level 3 DNA methylation (Methylation450k) data were downloaded from UCSC Xena and further processed as bellow: i) the probes mapped to the sex chromosomes were removed; ii) the samples with missing data (i.e., NAs) in more than 30% of the probes were excluded; iii) the probes with missing data in more than 30% of the samples were discarded as well; iv) the rest of the probes with NAs were imputed using the EMimpute_array algorithm of LSimpute software [39] ; v) BMIQ was employed to correct for the type II probe bias [40] ; and vi) the β values less than 0 were set to 0 and values greater than 1 were set to 1.
Detection of batch effect
We used Mbatch (http://bioinformatics.mdander son.org/tcgambatch) to detect the potential batch effects among the data samples and found that the data we used don't show significant effects (data not shown), which is consistent with previous TCGA works [41] [42] [43] [44] . According to previous study [45] , batch effects correction algorithms may lead to loss of important biological variation in the data, together with the technical variation, we used the uncorrected data for subsequent identification and analysis.
Clinical data and blacklisted samples
Clinical matrix was downloaded from UCSC Xena (version 2016-04-27). Blacklisted samples are the samples that are reported to be misclassified and should be excluded in subsequent analyzes. We mapped all the sampleIDs we used to the blacklisted samples reported on broad institute website and found that only one sample should be excluded. Thus, we ignored the bias produced by misclassified samples.
Independent validation dataset
Validation datasets were downloaded from GEO (Gene Expression Omnibus, https://www.ncbi. nlm.nih.gov/geo/). GSE69914, GSE76938 and GSE48684 were for diagnostic model, GSE69914, GSE48684, GSE73549, GSE65820, GSE66836 and GSE89852 were for tumor-specific classifier. The validation datasets for tumor with metastases were GSE58999, GSE73549 and GSE38240.
Definition of differentially methylated probes between tumor and normal samples \We first defined β-difference as the difference between mean β value of tumor and normal samples. Then tumor-normal paired t-test (normal distribution of the data was confirmed by using the normaltest function in Python package Scipy [46] ) was performed and the p-value was adjusted by Benjamini/Hochberg method. The probes (CpGs) were defined as DMCs if they met the following criteria of |β-difference| > 0.2 and a false discovery rate (FDR) corrected p-value (Benjamini/Hochberg) < 0.05 [47] .
Definition of differentially methylated probes between different cancer types Similar with the definition of DMCs, but the βdifference and false discovery rate (independent Student's test, Benjamini-Hochberg method for p-value correction) were between one cancer against the rest of cancers. The probes with |β-difference| > 0.3 and FDR < 0.01 were considered as differentially methylated.
Gene ontology enrichment analysis and pathway enrichment analyzes
Gene Ontology (GO) biological process and KEGG pathway enrichment analyzes were performed using the web-based gene annotation tool, DAVID [48, 49] . Terms with FDR ≤ 0.05 were considered as significant.
Feature selection with XGBoost
Extreme Gradient Boosting (XGBoost) [17, 50] was used to calculate feature important score and perform feature selection. Recursive feature elimination was performed during feature selection. That is, in each iteration, the features with the minimum score were removed. Then feature important scores for the remained features were calculated again for the iteration. For constructing the diagnostic model, we first filtered out the probes that differentially methylated in less than 5 cancer types, then aforementioned feature selection method was performed on the remaining probes.
Machine learning algorithm
Python package sklearn [51] was used for machine learning training, logistic regression based on the selected seven features was used to construct the tumor-normal diagnostic model. One-vs-the-rest classifier (OneVsRestClassifier, also known as onevs-all classifier) is a multiclass classifier function of sklearn package. In this study, OneVsRestClassifier with estimator of logistic regression (LogisticRegression function in sklearn) was employed to train the tumor specific multiclass classifier. We randomly split the full dataset into training and test sets with 4:1 ratio in both tumor-normal diagnostic model and tissue-specific classifier.
Unsupervised hierarchical clustering
Python package seaborn was used to perform unsupervised hierarchical clustering and heatmap with average linkage and correlation as the similarity metric.
Statistical analysis
All statistical analyzes were performed with Python3.5.2 on anaconda3-4.0.0. Python package Scipy was used to perform Student's t-test.
Construction of prognostic model
The following stringent feature selection pipeline was used for constructing the prognostic model. 1) Standard deviation (SD) across all tumor samples of 26 cancers should be > 0.2. 2) FDR (Benjamini/ Hochberg method) for every probe was calculated via univariate cox regression in each cancer, the probes with FDR < 0.05 were remained for further filtration.
3) Log-rank test p-value of every probe for overall survival time among tumor samples should be < 0.05. 4) Multivariate cox regression was performed for the remained probes, and then stepwise regression was conducted, the probes of multivariate cox regression p-value > 0.05 were removed from the feature set in each iteration. Finally, the remaining probes were used to fit the prognostic classifier. Python package lifelines (http://lifelines.readthedocs.io/en/latest/ index.html) and cox's proportional hazard model were implemented in cox regression analysis.
